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Introducao:

Revolucdo dos Servicos (final anos 80) » Diluvio de dados

Processo de KDD (1996)
Bl e BA

Alguns eventos

Analytics » Data Science
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Um diluvio de dados:

- The data deluge

Informacao

Artigos
eletronicos




O processo de KDD:

Fonte: FAYYAD, U., PIATETSKY-
g SHAPIRO, G., SMYTH, P. From
=) Pre- Trans- Data Interpretation/ data mining to knowledge
Selecuon processmg formation Mining Evaluation i discovery: An overview. In:
|::> |::> E_‘i_' Advances in Knowledge Discovery
and Data Mining, AAAI Press / The
Target Preprocessed Transformed Patterns Knowledge | T Press, MIT, Cambridge,
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I Mineracao de dados:
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Data Analytics:

- From looking into the past to predicting the future

Métodos

Preditivos
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Alguns eventos:

understanding the data deluge: comparison of scale with physical objects

1 megabyte 1 gigabyte 1 terabyte 1 petabyte 1 exabyte
(K vl (Information in the (Annual world (All US academic (Two thirds of
arge nove human genome) literature production) research libraries) annual production

of mformahon)

m W m  m
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= Height of a Length of the Auckland g Diameter of
A tiny ant short person Harbour Bridge Length of New Zealand the Sun 006
t

DilGvio de dados ) Universo de dados

Fonte: http://ritholtz.com/2016/09/162347/



Alguns eventos (Big Data Initiative):

PRESIDENT BARACK OBAMA

the WHITEHOUSE  ppicpINGROOM ~ ISSUES ~ THE ADMINISTRATION 1600 PENN

HOME . BLOG

Big Data is a Big Deal

MARCH 29, 2012 AT 9:23 AM ET BY TOM KALIL

Yy (f (=

Summary: By improving our ability to extract knowledge and insights from large and complex collections of
digital data, the initiative promises to help accelerate the pace of discovery in science and engineering,

strengthen our national security, and transform teaching and learning,.

[Editor’s Note: Watch the live webcast today at 2pm ET of the Big Data Research and Development event ot
http/live.science360 gov/bigdata/]

Today, the Obama Administration is announcing the "Big Data Research and Development Initiative.” By improving

our ability to extract knowledge and insights from large and complex collections of digital data, the initiative
promises to help accelerate the pace of discovery in science and engineering, strengthen our national security, and
transform teaching and learning.

Fonte: https://obamawhitehouse.archives.gov/blog/2012/03/29/big-data-big-deal



Analytics ====m) Data Science:

Data

Pre-
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Machine Learning:

CLASSI|ICAL MACHINE LEARNING

Data is precatety
or numerical
SUPERVISED

Predict

a category Predict

a number

CLASSIF\CATION

«Divide the socks by color»

-

REGRESSION

«Divide the ties by length»

Data is not labeled
in any way

UNSUPERVISED

by s\m(\)l.‘o\{\rctif\/ |dentify Sequences
CLUSTERING Einil Fiddan
«Split up similar clothing dependencies

into Stacks»

ASSOC|ATION

«Find What clothes | often
wear together»

DIMENS|ON
REDUCTION

(9eneralization)
«MaKe the best outfits from the given clothes»

Fonte: https://vas3k.com/blog/machine_learning/

Classificacao — problemas em que
a variavel resposta é categorica
(ex: y = fraude / nao fraude

y = numero 2 / numero 7

y = falha / nao falha

y = solvente / insolvente)

Regressao — problemas em que a
variavel resposta € um numero real
(ex: y = vendas mensais

y = energia gerada

y = tempo de ciclo

y = retorno diario do BVSP)
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Machine Learning:

8 Python Machine Learning
Algorithms
Random Forest

@ @ Logistic Regression

Linear Regression

K=Means
Declsion Tree
(@)

./\]‘]]‘/—-", r‘fp"yf < (S‘ " ) :‘l“les

Machine Learning Algorithms in Python — You Must LEARN

Fonte: https://data-flair.training/blogs/machine-learning-algorithms-in-python/
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Fonte: https://medium.com/@enochjoy/what-are-the-must-
know-algorithms-for-machine-learning-3c6492757782



Programa do curso:

Secao Conteudo

1 Apresentacdo do curso. Introducao aos ambientes R e Rstudio. Construcao de
modelos de classificagcao. Caso 1: Classificador KNN.

5 Casos 2 e 3: Classificador Naive Bayes e analise discriminante (linear e né&o-
linear).

3 Caso 4: Classificadores baseados em regressao (Rlinear e Regresséao logistica).

4 Caso 5: Classificadores baseados em programacao matematica e support vector
machine (SVM).

5 Casos 6. Classificador CART e mistura de classificadores (Bagging, Boosting e
Random Forest).

6 Caso 7: Avaliacao de classificadores e praticas na construcao de classificadores.

7 Construcao de modelos de regressao. Casos 08 e 09: Regressao KNN e linear
(simples e maltipla)

8 Caso 10: Regressao nao-linear (GLM, polinomial, Splines e GAM)

9 Casos 11 e 12: Support vector regression, CART e modelos baseados em mistura
(RG, GB)

10 Caso 13: Métodos prescritivos (otimizacdo baseadas em modelos preditivos)
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Site: https://cran.r-project.org/

The Comprehensive R Archive Network

Download and Install R

Precompiled binary distributions of the base system and contributed packages, Windows and Mac users most likely want one of these versions of
R:

« Download R for Linux
* Download R for (Mag) OS X

+ Downloas

R for Windows H

R is part of many Linux distributions, you should check with your Linux package management system in addition to the link above.

Abour R Source Code for all Platforms
R Homepage
The R Journa Windows and Mac users most likely want to download the precompiled binaries listed in the upper box. not the source code. The sources have to
be compiled before you can use them. If you do not know what this means, you probably do not want to do it!
Software
ices * The latest release (2020-06-22, Taking Off Again) R-4.0.2.tar 2z, read what's new in the latest version
R Binar,

Packag + Sources of R alpha and beta releases (daily snapshots, created only in time periods before a planned release)
Other ) R
« Daily snapshots of current patched and development versions are available here. Please read about pew features and bug fixes before filing
Documentation corresponding feature requests or bug reports.
Manuals

* Source code of older versions of R is available here

)5
Contributed - . -
» Contributed extension packages

Questions About R

» If you have questions about R like how to download and install the software, or what the license terms are, please read our answers to
frequently asked questions before you send an email.

R for Windows

Subdirectories:

base % Binaries for base distribution. This is what you want to install R for the first time.

Binaries of contributed CRAN packages (for R >= 2.13.x: managed by Uwe Ligg:

). There is also information on third party software

ontrib ! it ;

available for CRAN Windows services and corresponding environment and make variables.
old contrib Binaries of contributed CRAN packages for outdated versions of R (for R < 2.13.x; managed by Uwe Ligges).
Ricols Tools to build R and R packages. This is what you want to build your own packages on Windows, or to build R itself.

Please do not submit binaries to CRAN. Package developers might want to contact Uwe Ligges directly in case of questions / suggestions related to Windows binaries

You may also want to read the R FAQ and R for Windows FAQ.

Note: CRAN does some checks on these binaries for viruses, but cannot give guarantees. Use the normal precautions with di

Introducao ao R e RStudio:

R-4.0.2 for Windows (32/64 bit)

Download R 4.0.2 for Windows (84 bytes. 32/64 bit)

nstall: n her instruction:
New features in this version

If you want to double-check that the package you have downloaded matches the package distributed by CRAN, y
server. You will need a version of mdSsum for windows: both graphical and command line versions are available.

Frequently asked questions
¢ Does R run under my version of Windows?

s How do I update packages in my, previous version of R?
« Should I qun 32-bitor 64-bit R

Please see the R FAQ for general information about R and the R Windows FAQ for Windows-specific information
Other builds
# Parches to this release are incorporated in the r-patched snapshot build.

* Abuild of the development version (which will eventually become the next major release of R) is available in the =devel snapshot build.
* Previ relea:

Note to webmasters: A stable link which will redirect to the current Windows binary release is
<CRAN MIRROR > bin‘windows/base release html.

Last change: 2020-06-22

ou can compare the mdSsum of the .exe to the fingerprint on the master
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Introducao ao R e RStudio:

Site: https://rstudio.com/products/rstudio/download/

supports direct code execution, and a variety of robust tools for plotting,

viewing history, debugging and managing your workspace.

LEARN MORE ABOUT RSTUDIO FEATURES

RStudio Desktop RStudio Desktop

Free $995

[year

.
Learn mo earn mot

Integrated Tools for R

Priority Support

professional data science team. RStudio
Team includes RStudio Server Pro, RStudio
Connect and RStudio Package Manager.

LEARN MORE
RStudio Server RStudio Server Pro
yen Source License Commercial License
Free $4,975
"jr?\l
(5 Named Users|

RStudio Desktop 1.3.959 -release notes

l. Install R.  Rrstudio requires F

2 « Download RStudio Desktop. Recommended for your system:

DOWNLOAD RSTUDIO FOR WINDOWS K
1.3.959 [ 171.41MB

Requires Windows 10/8/7 (64-bit)

All Installers

Linux users may need to import RStudio’s public code-signing key prior to installation, depending on the operating system's security policy.

RStudio requires a 64-bit operating system. If you are on a 32 bit system, you can use an older version of RStudio.

0s Download Size SHA-256

K 17141 MB

Windows 10/8/7 & RStudio-1.3.959.exe

OBS: S¢ instale o RStudio depois do R ja estar instalado
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Introducao ao RStudio:

File Eot Code View Plots Session Bulld Debug Tooks Melp

Qe B B o Ao v
2| Urttledt v L Unwironewnt  Masloey
] | Sreatie § /- ahn Ne e o * 0 Awpctoauts f
| D Globt Uawwenment +

Aqui é onde vocé digita os
codigos — vocé pode salvar os
codigos e manter o registro das
analises executadas

Aqui é onde Global
Environment — & onde os dados
importados e objetos criados
sao armazenados

Thes Moty Pacgn  Help  Viewsr

X taped s

Os graficos criados
aparecerao aqui

Coacde

R versfon 3.2.3 (2015-12-10) “wooden Christmas-Tree”
Copyright (€) 2015 The R Foundatfon for statistical Computing

Platforn: x86,64-w6s-ningwi2/x6s (64-bit) AqUi é Onde Hé. Uma aba de Help e de

R 15 free software and comes with ABSOLUTILY NO WARRANTY. = ~

You are welcose to redfstribute ft under certain conditions, A s . fo macoes dos acotes
Type ‘Mcense() ‘Meence()' for distribution detatls. Voce Vlsuallza In r

R 15 a collaborative project with sany contributors. -

T s e e, o s 30 Instalados (Packages
“cfration{)’ on how to cite R or R packages in publications. OS Cog IgOS

Type "demo()’ for some demos, 'help()’ for on-line help, or

‘halp.start)’ for an WD browser Interface to help,
A" ok rodados e suas
[workspace loaded from ~/.rData) ,d



Criacao de novos projetos:

) Rstudio

New File
New Project...

Open File...
Recent Files

Open Project...
Open Project in New Session...
Recent Projects

Import Dataset

Save
Save As...
Save All

Print..

Close
Close All
Close All Except Current

Close Project

Quit Session...

Ctrl+O

Ctri+S

Ctri+Alt+S

Ctrl+W
Ctrl+Shift+W
Ctrl+Alt+Shift+W

Ctrl+Q

. .. & 4
Edit Code View Plots Session

>

~ Addins ~

bo™
stical Computing

IO WARRANTY.
ain conditions.
ion details.

butors.

d ( .
h pub]: New Project

~line |
to helj

Build Debug Profile Tools Help

=)

Create Project

New Directory
Start a project in a brand new working directory

Existing Directory

iate a project with an e

ng working directory

Version Control

Checkout a project from a version control repository

Introducao ao RStudio:

= ol X

R Project: (None)

Environment  History  Connections -
g ) ~* Import Dataset ~ y’ New Project
)} Global Environment ~ |
Back Create New Project
E en
Directory name:
{ ANATEL_ML s
Create project as subdirectory of :
i | CiL../IANATEL_ML ~ Browse...
s Help Viewer -
> ]
| New Project
[ Back Project Type Open in new session Create Project Cancel
> .
rc |
2 < -
K& New Project DR
N il RPackage Create a new brum
project in an empty
kh| R Shiny Web Application directory > .
R Package using Rcpp >
Cancel
R Package using RcppArmadillo >
Manuals : y
R Package using RcppEigen >
An }'ﬂﬂ)}du( R Package using RcppParallel > gon

¥ linistration

. Cancel
Reference {
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Introducao ao RStudio:

Instalacao dos pacotes (que serao utilizados):

File Edit Code View Plots Session Build Debug Profile Tools Help

o -lwl&- ° GYFhE Install Packages... Install Packages
Console  Terminal Check for Package Updates...
] Install from: ? iguri itori
Version Control o Configuring Repositories
R version 3.5.2 (2018-12-20) -- "Eggshell Igloo” Shell Repository (CRAN) v
Copyright (C) 2018 The R Foundation for sStatistical Comp
Platforn: xB6_64-w64-mingu32/x64 (64-bit) Terminal ’ Packages (separate multiple with space or commaj:
Addins 5 e ;

R is free software and comes with ABSOLUTELY NO WARRANTY | ;
You are welcome to redistribute it under certain conditi } e 3
Type "license()' or "licence()' for distribution details Keyboard Shortcuts Help Alt+Shift+K

i Install to Library:
R is a collaborative project with many contributors. Iz bl S -

Type 'contributors()’ for more information and Proiect Opti C:/Users/Rodrigo/Documents/Rfwin-library/3.5 [Default] =
"citation()” on how to cite R or R packages in publicati roject Options..
Type 'demo()’ for some demos, 'help()' for on-Tine help, Global Options... | Install dependencies
"help.start()" for an HTML browser interface to help.
Type "q()' to quit R.
Install Cancel

Pacotes:
» ggplot2 install.packages("ggplot2", dependencies=TRUE)

 dplyr install.packages("dplyr", dependencies=TRUE)

* readxl ou install.packages("readxl!", dependencies=TRUE)

o tidyr install.packages(“tidyr", dependencies=TRUE)
 Lubridate install.packages(“lubridate”, dependencies=TRUE)
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O problema de classificagao:

» Objetivo: classificar novas observagdes em categorias pré definidas.

Exemplos:

Center Frequency

W Class 1

Bandwidth

22



Métodos de classificacio:

« S840 meétodos utilizados para classificar novas em categorias pré definidas.

Exemplo: Historical Data Data mining

X y z class
14 | True | Red | accepted | | ——»
6 | True | Blue | rejected

50.3 | False | Red | accepted

-’\—J

Tining data have all values specified

Model is deployed

Mining

v New data item

X y z |cdass
30 |false| Red | ?

New data item has class
value unknown
(e.g. will customer accept?)

Class: accepted,
Probability: 0.88




Métodos de classificacio:

Naive Bayes

Linear discriminant analysis (LDA)

Parametric | Quadratic discriminant analysis (QDA)

Binary
f '\ Logistic regression
' ; _ Multinomial

. Decision trees induction (AlID)

. Rule-based |

[ Bayesian | " Rough set
s 7. Non-parametric )
. Classification methods  ~ | 1. Kernel-based (KNN)

o o\ | \_ Neural networks

Random forest

/[ Bagging
. Boosting

" Ensembles

Mixture of experts

Support-vector machine (SVM)
PLI

Hy’perplane




Métodos de classificacdo:

« Casos 1 a 8: Classificacao de digitos (2 ou 7)

value

250
200
150
P 100

° Nova observacao:
x_1=0.1253
X 2=0.2714

Column

} Classe ?

Row

» Atributos:
« X_1: proporcéo de pixels escuros no quadrante superior esquerdo

« X_2:proporcéo de pixels escuros no quadrante inferior direito
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Construcao de classificadores:

« Boas praticas na criacado de modelos de classificacao:

Dividir os dados em bases de treinamento, validacao e teste.

Training Set Test Set

Overfitting: f 5

Better Fitting:f '+

26



Construcao de classificadores:

Pre-
formation Mlnlng

Selectlon processing Evaluation
% — - |_‘> uuu % —

Target ] Freprocessed Transformed Patterns I Knowledge

Trans- W Data Interpretation/

Data Data Data
Data
DADOS DISPONIVEIS PARA ANALISE
. 4 b 4
DADOS - TREINAMENTO DADOS - TESTE |— Acuracia: Teste (%)
- ¥ ¥ ¥ ¥
1:] T T T ‘- — Acuracia: T (T,%) / V (V, %)
5—fold
Cross- | T T ‘- — Acurécia: T (T,%) / V (V,%)
Validation o
(V) | ‘-‘ T |— Acuracia: T (T3%) / V (V3%) Acuracia.
Co3 3 média (V%)
T : treino ; -‘ T T | — Acuracia: T (T,%) / V (V,%)
V: validacao
5: - T T |— Acuracia: T (Ts%) / V (V5%)
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Métodos de classificacio:

Naive Bayes

Linear discriminant analysis (LDA)

Parametric | Quadratic discriminant analysis (QDA)

Binary
. '\ Logistic regression
' ; . Multinomial

. Decision trees induction (AlID)

. Rule-based |
B — Bayesian | . Rough set
s 7. Non-parametric -
| Classification methods |- .| Kernel-based (KNN)

il | |

o o\ | \_ Neural networks

Random forest

/[ Bagging
. Boosting

" Ensembles

Mixture of experts

Support-vector machine (SVM)
PLI

~ Hyperplane




Classificadores Bayesianos:

« Abordagem com os principios utilizados pela maior parte dos métodos de
classificacéo

« Tambeéem s&o conhecidos como classificadores de maxima verossimilhanca

« Assume que todas as classes séao conhecidas e que podem ser descritas de forma
probabilistica

« Sejam, no caso binario:
* W, e W, as classes que queremos identificar
* p(w,) e p(w,) as probabilidades das classes com p(w,) + p(w,) =1
« Classificacéo: se p(w;) > p(w,) uma observacgao sera classificada como sendo da

classe w, e se p(w,) < p(w,) a observagéao sera classificada como sendo da
classe w,.

« Erro do classificador: P(erro de classificagdo) = minimo[p(w,), p(w,)]

30



Caso 1: Classificador KNN

K-ésimo vizinho mais proximo (Discriminante ndo-paramétrico):
Para minimizar a probabilidade de erro de classificacao de uma observacéo, toma-se os k
vizinhos mais proximos (distancia Euclideana) e atribui-se a observacao a classe com a

maior razao:
n;
P(classej | x)= —
k

Classe n,  P(cx)

O 5  0.33
- 10  0.66

Total (k) 15 1.00

s X=classe A




Caso 1: Classificador KNN

K-ésimo vizinho mais proximo: Exemplo

Ka

Link:

30

25

20

145

10

o 9
ez
+ 3
2
[n]
7 o
5
5%
o 3
[=]
DC"?D nD
=]
a ]
a [n]
=]
i
i
M training s
W testset
-1

20

30

5

20

14

10

o 9
~2
+ 13
@
c
7 o
DI
&
o
(n]
L= N =]
o
? (8
o
o (4
=]
i
i
B fraining
B iestset
2

30

25

20

14

10

o
B fraining s
B iestset

—
20

30

25

20

14

10

o + +
@ 4+
52 ? s 37 oy ?
+3 ++
% o A d—ﬁ_:k f+;+ +
3 Yo ++E|j_ " 4+ +
a [n]
7 o | B ek s +++ st * 9+
f o DIZIDD r D+ AAs ++='=+f _Fﬁ_ T :
Dg‘g 3 oo o o +d 'Fl_ i ¥l 3+
SRE T, g b
L EDD‘}%%Dt ;:.D ﬁc\ Eﬂ:ﬂm
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[n}
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20 20 40 50
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http://www.ief.ita.br/~rodrigo/CURSOS/AO802/KNN/KNN.html

Caso 1: Classificador KNN

K-ésimo vizinho mais proximo: efeito do numero de vizinhos

.
R
4 .

T T T
20 30 40 50

— Escolha do K: validacao cruzada (acuracia no conjunto de validacao)
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Métodos de classificacio:

-

Naive Bayes

Linear discriminant analysis (LDA)

Hyperplane

Parametric || Quadratic discriminant analysis (QDA)
.- Binary
f '\ Logistic regression
' ) . Multinomial
. Decision trees induction (AlID)
. Rule-based |
Bayesian | . Rough set

Non-parametric

Kernel-based (KNN)

| Neural networks

Random forest

/ Bagging
. Boosting

'\ Ensembles

Mixture of experts

Support-vector machine (SVM)

PLI

35



Caso 2: Classificador Naive Bayes

Def: p(x\w,) € a probabilidade de x, sabendo que é da classe w,

Def: p(x,w,) & a probabilidade conjunta da informacao x e da classe w, e & obtida por
pP(x\w,). p(wy)

K
Portanto, Teorema da Probabilidade Total: p(x) =Y p(x|w,)P(w,)

k=1
e pelo Teorema de Bayes: prior NG / likelihood
P(w
posterior — P(W|x)= ( |)O(p>E))( W)

« Classificacéo (2 classes): se p(w,\ x) > p(w, \ X) a observagao sera classificada
como sendo da classe w, e da classe w,, caso contrario.

4 f(x) g F-======- N pmm e — -

P eeer————————— X
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Caso 2: Classificador Naive Bayes

 Situagao 1: prioris iguais (p;=50% e p, = 50%), variancias iguais

1.0

08

06

04

02

0.0

N
B
o
0 20
X

N&o: media = 8 e desvio-padréo = 2

Sim: meédia = 18 e desvio-padrao = 2

20

25

30
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Caso 2: Classificador Naive Bayes

 Situagao 2: prioris iguais (p,;=50% e p, = 50%), variancias diferentes

10

08

0.6

04

02

a

0.

10 20 30
X

N&o: media = 8 e desvio-padréo = 2

Sim: média = 18 e desvio-padrao = 4

T
20

T
25

T
30
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Caso 2: Classificador Naive Bayes

 Situagao 2: prioris diferentes (p,=70% e p, = 30%), variancias iguais

1.0

08

06

o

04

0.2

0.0

|
0 20
X

N&o: media = 8 e desvio-padréo = 2

Sim: meédia = 18 e desvio-padrao = 2

T
20

T
25

T
30
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Caso 2: Classificador Naive Bayes

« Situacao Multivariada:

»
>
»
>

J— Para cada classe:

B A

- Médias (das variaveis): p,q, -, Ky

,,,,,,,,,,,,,,,,,,,,, ‘ - Variancias (das variaveis): 62,4, ..., 62,

weight (kg)
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Caso 3: Analise Discriminante

» A analise discriminante (AD) € um método paramétrico de classificacao.

» Por hipotese, acredita-se que as classes possuem distribuicdes de probabilidade
distintas.

» A distribuicdo normal é comumente usada para representar as distribuicdes das classes.

» Op0des: analise discriminante linear (LDA)

analise discriminante quadratica (QDA)

s
L] [

n .

.
" = =R a o ga [}

. =
]
a = g =]
= =

Comp.2
0
|
n
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Analise Discriminante Linear X Analise Discriminante Quadratica:

TREINAMENTO:
L; (para cada uma
das classes)

> (pooled)

X1

Caso 3: Analise Discriminante

TREINAMENTO:
L; (para cada uma
das classes)

%, (para cada uma
das classes)

X1
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Métodos de classificacio:

-

Naive Bayes

Linear discriminant analysis (LDA)

Hyperplane

Parametric | Quadratic discriminant analysis (QDA)
.- Binary
f \| Logistic regression
' - . Multinomial
. Decision trees induction (AlID)
. Rule-based |
Bayesian | . Rough set

Non-parametric

Kernel-based (KNN)

| Neural networks

Random forest

/ Bagging
. Boosting

'\ Ensembles

Mixture of experts

Support-vector machine (SVM)

PLI
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Classificadores por Regressao

Métodos de regressao podem ser utilizados para a construgcao de modelo parameétricos
ou nao paramétricos de classificacao.

« Caso 1: objetiva-se a criacao de uma funcéao para estimar p (w; | X,8), em que x sao
as variaveis do modelo e 6 sao os parametros do modelo. Nesse caso

Dados: X ={x' ' W'}}!, emque X € R

W {lse x'eC

Osex' €Cj, j#Ii

Classificagao: uma observacao € atribuida a classe C; se p(w; [x,6) > p(w, |x,6)

« Caso 2: objetiva-se a criacdo de uma funcao para estimar f (x | §), em que £ sao os
parametros do modelo. Nesse caso

Dados: X — {Xt,Wt},I[\Izl em que X € ER f |0 + ZBIJ ij
. |+1lsex'eC
W. =
- |-1sex'eC, j#i

Classificacao: uma observacéo é atribuida a classe C, se f(x| ) >0
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Classificadores por Regressao

Classificacao por regressao linear:

30

20

10

.
o"%

Caso 1:

classe <- ifelse(dadosfclass = "0",0,1)
dados.r1 = chind{dados[,1:2],classe]
RLinear = Im{classe-x+y,data=dados.r1)
RLinear

plot(z,col=unclass(CLASS.RLinear))

35

Call:
Im{formula = classe ~ X +

Coefficients:

(Intercept) X
-1. 28010 0.04749

— p(Vermelho | x,B)=

30

25
1

vy, data = dados.rl1)

20

15

y
0.02109

10

—1,28+0,047x + 0,021y L

CLASS.RLinear = as.factor(ifelse(predict(RLinear,z)==0.5,0,1))
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Classificadores por Regressao

« Classificacao por regressao linear:

Caso 2:
% . . classe =- ifelsel(dadosiclass == "0",-1,1)
: :_:ﬁ" : dados.r12 = chind(dados[,1:2],classe)
R W S SR RLinear2 = Im(classe-x+y,data=dados.r12)
¥ PRAUSIES SRS SE S RLinear?2
B L ASAC ST TR CLASS.RLinear2 = as.factor(ifelse(predict(RLinear2,z)==0,-1,1))
Sadher. 8T T T e plot(z,col=unclass(CLASS.RLinear2))
2 * o‘. . . " i
0'.; .
1I5 2‘0 2I5 3‘0 3‘5 4‘0 4‘5 2
call: o
Im(formula = classe ~ x + y, data = dados.r12) s |
Coefficients: ©
{(Intercept) X W
-3. 56020 0.09499 0.04219 =
— f(x,y|B)=—356+0,095x + 0,042y -} , ,

10 20 30 40 50



Classificadores por Regressao

« Equivaléncia entre a classificacao por regressao linear e LDA:

# LDA:
fit.LDA = train(classe ~ x + vy,
method ='lda',
data = dados)
Prev.LDA <- predict (fit.LDA,newdata = z)
plot(z,col=unclass (Prev.LDA))

Z:

= seqg(10,50,0.2)

= seq(0,35,0.2)

= data.frame (expand.grid
x,Y))

Y
[ B B
N T

0 5 10 15 20 25 30 35

# Regressdo linear:

classe <- ifelse(dadosSclasse=='1"',1,0)

dados.rl <- data.frame (x=dados$x, y=dadosS$Sy,classe=classe)

¥

fit.RL = train(classe ~ x + y, method ='Im',data = dados.rl)
Prev.RL <- predict (fit.RL,newdata = z) “
Prev.RL.CLASS <- ifelse (Prev.RL >= 0.5,1,0) L -
plot (z,col=unclass (Prev.RL.CLASS))

0 5 10 15 20 25 30 35

# Comparacdo das classificacdes:

table (Prev.LDA, Prev.RL.CLASS) Prev.RL.CLASS
Prev.LDA 0 1

0 17428 0

1 0 17948
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I Caso 4: Classificador por Regressao Logistica

Regressao Linear Regressao Logistica

Yi =o+PX; +g

OOOOOO

OOOOOOOOOO
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Métodos de classificacio:

-

Naive Bayes

Linear discriminant analysis (LDA)

Parametric | Quadratic discriminant analysis (QDA)
.- Binary
f '\ Logistic regression
' ) . Multinomial
. Decision trees induction (AlID)
. Rule-based |
Bayesian | . Rough set

~ Hyperplane

Non-parametric

Kernel-based (KNN)

| Neural networks

Random forest

/ Bagging
. Boosting

'\ Ensembles

' Mixture of experts

Support-vector machine (SVM)

PLI
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Caso 5: Classificador por Support Vector Machine

Support Vector Machine (SVM) — CLASSIFICACAO BINARIA (y; € -1,1)

PROBLEMA: achar uma funcao , linear ou ndo, para um hiperplano de separa¢éo dos pontos em
dois conjuntos no R™, em que m é o numero de dimensodes existentes.

Caso 1: populacdes separaveis por um hiperplano linear

x.2 b
j y=wix+b=+1

y=wx+b=0

y=wx+b=-1

» Dados: N observacdes no RM (M:dimensdes)

yoe-1,#1 i=1,..N

» Separable Linear Kernel Problem:

Objetivo: Maximizar D(H,,,H_,) = HZH = ?
wW| wWw
t
= Minimizar i: W2W

wx +b>+1paray=+1
Restricoes:

wix +b<-1paray=-1

— y(WX + b) > +1 -



Caso 5: Classificador por Support Vector Machine

Support Vector Machine (SVM) — CLASSIFICACAO BINARIA (y; € -1,1)

Exemplo: — x1

WUuhoumwo b
\loooouocn-boxmﬁ

X2

g Wl - - 0,5
Solucao: < _
¢ w,= 1,0
b =-45
g

.1 1
Min EWtWZE[Wl W2]|:

X1

Wl 1 2 2
==(w, " +Ww
Wj S (0 )

s.a. ywx +b)>+1 — y(w;.XtW,.X, + b) > +1

-1(wy.44wW,.5 + b) > +1
-1(w;.64+W,.6 + b) > +1
-1(w,.3+w,.4 + b) > +1

+1(w;.64W,.9 + b) > +1
+1(w;.44W,.8 + b) > +1
+1(w,.5+W,.8 + b) > +1

+1(w,.3+wW,. 7 + b) > +1

Hiperplano de Separacéo (H,):
wx+b=0--05.x%x;+1,0.x,—-45=0

S X, =4,5+0,5. X
Hiperplano Superior (H,,):
wx+b=+1—- . x,=55+0,5. %
Hiperplano Inferior (H_,):

wx+b=-1— .. x,=35+0,5. x4

53



Caso 5: Classificador por Support Vector Machine

Support Vector Machine (SVM) — CLASSIFICACAO BINARIA (y; € -1,1)

Caso 2: populacdes nao separaveis por um hiperplano linear
Modificacoes:
Introduz-se N variaveis de folga &; > 0, i=1,...,N
Modifica-se as restricées para:
wix, + b >+1-¢ paray,=+1 | Combinando as duas restrigoes:
} Yi(wx; + b) > +1 - &

wix, + b <-1+¢& paray; = -1

Cria-se uma penalidade na funcéao objetivo, obtendo-se um modelocom N+ M + 1
incognitas (&,..., EnWy,---,Wy,D):

N
Min %Wtw + C(Zgij onde C é uma constante de penalizacao (C>0)

=1
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I Caso 5: Classificador por Support Vector Machine

Support Vector Machine (SVM) — CLASSIFICACAO BINARIA (y; € -1,1)

1

Exemplo:  xa X2 Y
4 5 -1

(C=1) 6 6 1
3 4 -1

5 6 -1

6 9 +1

4 8 -1

5 8 +1

3 7 +1

X2

[#%] = wn =] -l [==] w =
L

%]
()
= 4
wn

: . ; w, =-0,5714 &=
- w,= 08571 g,=
‘ ’ ‘ b =-32857 . _
1 . g

Min %(wf+w22)+(g1+g2+§3+é4+§5+§6+§7+&8)

S.a. V(WX +Wy.X, + D) > +1 - &

-1.(wy.4+wW,.5 + b) > +1 -
-1.(w,.6+w,.6 + b) > +1 -
-1.(w;.3+w,.4 + b) > +1 -
-1.(w,.5+W,.6 + b) > +1 -

&1
&2

Ca
&4

C11$2163154155156157165 2 0

+1.(W..6+W,.9 + b) > +1 - &
-1.(w,.4+w,.8 + b) > +1 - &4
+1.(W,.5+w,.8 + b) > +1 - &,

+1.(W.3+W,.7 + b) > +1 - &

Solucéo:
0
0
3= 0
Ca= 0
! —
5= 0
6= 2,286
7= 0,286
Cg = 0

Hiperplano de Separacéo (H,):
-0,57. x, +0,86. x,—3,3=0

5. X, = 3,83 +0,67. X,
(H,1): x,=4,83 +0,67. x4

(H.): x,=2,83+0,67. X, cc
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Métodos de classificacio:

-

Naive Bayes

Linear discriminant analysis (LDA)

Hyperplane

Parametric | Quadratic discriminant analysis (QDA)
.- Binary
f '\ Logistic regression
' ) . Multinomial
. Decision trees induction (AlID)
. Rule-based |
Bayesian | . Rough set

Non-parametric

Kernel-based (KNN)

| Neural networks

Random forest

Bagging
Boosting

'\ Ensembles

\_ Mixture of experts

Support-vector machine (SVM)

PLI
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Classificador CART /[ AID

Sistema de classificacao que particiona o espaco de atributos de forma a criar regras
para definir as classes

Resultado: um conjunto de regras e uma arvore (diagrama)

9 . > 3:;' ."f:;' C o X <30
e e .:‘.'f:'.?:.:;' e y<21
. 2
: 09 85 06
Elementos da arvore de decisao '
 NOraiz (primeira questao) « Critérios de particao:
- Ramos (possiveis respostas) » Erro de classificacao

« Qutros n0s (outras questdes) . o c .,
j _ o - indice de Gini: 1-2p;
* NO terminal (decisé&o final) j=1
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Mistura de classificadores (Ensemble models)

Bagging (Bootstrapp AGGregatING):

No estagio 1, cria-se amostras aleatorias de conjuntos de treinamento (com
reposicaon), no estagio 2 cria-se um classificador (CART) para cada conjunto
de treinamento e nos estagios 3 e 4 combina-se a previsao dos modelos

obtidos (utilizando a média ou a moda dos resultados).

Stage |:

Bootstrap sampling LObser‘vations]

Training subset 2

Stage 2:
Model training

—

OBS: O Bagging

v
Tree t=1 Treet=2 M. wesssse Tree =M )
auxilianaredugao da . . ELH!
® Split nodes ;
@ Leaf nodes l =) -
o~

variancia do erro de .
tage 3:

p reV| S éo / Model forecasting m

o Stage 4: -
C I assi f| C ag ao Result aggregating Forecast ]
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Mistura de classificadores (Ensemble models)

« Random Forest:

Random Forests

A Random Forest faz uso do mesmo método do

Bagging, ou seja, no estagio 1 cria-se amostras

aleatorias de conjuntos de treinamento (com

Tree 1 Tree

reposicao), no estagio 2 cria-se um classificador = L

(CART) para cada conjunto de treinamento e nos C] i E] Cl

i s
i

estagios 3 e 4 combina-se a previsao dos
modelos obtidos (utilizando a média ou a moda

dos resultados).

A diferenca é que em cada classificador (CART) um subconjunto das
variaveis independentes candidatas para compor o classificador sé&o

aleatoriamente escolhidas (ha um nidmero maximo de variaveis default). .
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Avaliacao de classificadores

Ha muitas meétricas de avaliacdo de modelos de classificacdo. As mais comumente
encontradas séao:

» Taxa de acerto (acuracia): percentual de observacdes corretamente classificadas
(=TP+TN/TP+FP+FN +TN)
-Taxadeerro=1-Taxade acerto=FN+FP/TP+ FP + FN+ TN

- Sensitivity (= Recall ou TPR): percentual de reais Ps corretamente classificados

=TP/TP+FN Actual Values
- Specificity (ou TNR): percentual de reais Ns corretamente Positive (1) Negative (0)

classificados = TN/ TN + FP) =

T=E Positive (1) TP FP
« Precision (ou PPV): percentual de classificados =z
@
como P que realmente sdo P 5

@ Negative (0] FN TN
(=

=TP/TP +FP
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Avaliacao de classificadores

Acuracia e Kappa:

| | 1 1 1 1 A ; . TP + TN
k* = 5 (acuracia: 98,7% e kappa: 96,2% curacla =
o | ( °|¢ kappa:|96.2%) TP+ TN + FP + FN
R \ R
\'\,\ \ .;"# \ Q\v
— ; AR /% 1 — Acuracia
5 AVAYSUARY Kappa =1 — —
S 0980 - ¥ \ 1 — Priori
>'§ \ A
g A :
< 0.985 \M/ \?? Predicted class
WAN P N
I'.IIII IIII.;"I '\\
& \ True False
0.084 T P | Positives Negatives
é 1IO 1]5 210 2]5 310 (TP) (FN)
#MNeighbors ACtua-l
Class
False True
o N | Positives Negatives
OBS: Priori = (8.327/10.501)2 + (2.174/10.501)2 = 67,17% (FP) (TN)
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Avaliacao de classificadores

 No exemplo:

Actual Values

Positive (1) MNegative (0 . . . .
(1) & (0) Confusion Matrix and statistics

o . reference
T=E Positive (1) TP FP erediction N S
= N 3333 235
3 5 193 738
=
E Negative (0) EN ™ Accuracy : 0.9049
== 95% CI : (0.8939, 0.9133)
No Information Rate : 0.7837
P-value [Acc = NIR] : <=2e-16
Accuracy = (TP + TN) / TOTAL
Kappa : 0.7149
Sensitivity = TP / (TP + FN)
o Mcnemar's Test P-value : 0.0475
Specificity =TN / (TN + FP)
o sensitivity : 0.9453
PPV (ou Precision) = TP / (TP+FP) specificity : 0.7585
Pos Pred value : 0.9341
NPV =TN/ (TN + FN) Neg Pred value : 0.7927
Prevalence : 0.7837
Prevalence = (TP + FN) / TOTAL Detection Rate : 0.7408
Detection Rate = TP / TOTAL el anced Avcurncy © 0\8310
Det. Prevalence = (TP + FP) / TOTAL ‘positive' class : N

Balanced Acc. = (sensitivity + specificity)/2



Avaliacao de classificadores

Ha muitas meétricas de avaliacdo de modelos de classificacdo. As mais comumente
encontradas sao:

- Curva ROC (1- Specificity x Sensitivity ou FPR x TPR)
- AUROC: area abaixo da curva ROC

ROC Curve

Sensitivity (TPR)

AUROC: 0.8492

True Positive Rate

1-Specificity (FPR) - " 0 False Positive Rate 1
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Introducao:

CLASSI|ICAL MACHINE LEARNING

Data is precatety
or numerical
SUPERVISED

Predict

a category Predict

a number

CLASSIF\CATION

«Divide the socks by color»

REGRESSION

«Divide the ties by length»

Data is not Labeled
n any way

UNSUPERVISED

by s\m\\)l‘o\(\r?{f\/ |dentify Sequences
CLUSTERING Einil Fiddan
«Split up similar clothing dependencies

into Stacks»

ASSOC|ATION

«Find What clothes | often
wear together»

DIMENS|ON
REDUCTION
(9eneralization)

«MaKe the best outfits from the given clothes»

Fonte: https://vas3k.com/blog/machine_learning/

Classificacao — problemas em que
a variavel resposta é categorica
(ex: y = fraude / nao fraude

y = numero 2 / numero 7

y = falha / nao falha

y = solvente / insolvente)

Regressao — problemas em que a
variavel resposta € um numero real
(ex: y = vendas mensais

y = energia gerada

y = tempo de ciclo

y = retorno diario do BVSP)
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Métodos de Regressao:

* Previsao de producéo de energia (termoelétrica):

LP steam

HP steam |

Dados: 9.568 observacdes

- Variavel dependente (Y):
PE: Eletrical Power Yield

- Variaveis independentes (Xs):
AT : Ambient Temperature

V: Exhaust Vacuum Pressure
AP: Atmosferic Pressure
RH: Relative Humidity
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Construcao do modelo de regressao:

===\ Pre- Trans- Data Interpretation/
Selection processing formatlon Mlnlng Evaluatlon

— ‘1_

Target ] Freprocessed Transformed Patterns I Knowledge

Data Data Data
Data
DADOS DISPONIVEIS PARA ANALISE
b 2 ¥
DADOS - TREINAMENTO DADOS - TESTE |— Acuracia: Teste (R?)
- ¥ ¥ ¥ ¥ _
1: ‘- — Acurécia: V, (R?
5—fold T T T (R°)
Cross- | T T ‘- — Acurécia: V, (R?)
Validation .
(V) | ‘-‘ T |— Acurdcia: V53 (R?) [ Acuracia:
' 3 média (R?)
T : treino ; -‘ T T | — Acuréacia: V, (R?)
V: validacao
5: - T T |— Acuracia: Vg (R?)




Analise de regressao:

 Variaveis dependente e independente:

Variavel Dependente (Y)

Variavel Independente (X)

. =

- =

Representa a variavel do problema que

escala de intervalo ou de razéo)

se deseja explicar (precisa ser métrica —

Explica a variavel dependente (uma
OuU mais variaveis e sao nao métricas —
categoricas com c categorias)

Exemplos:
Preferéncia por uma marca de xampu
Volume de consumo de um produto

Taxa de retorno mensal de um ativo

Exemplos:
Categoria de usuario (assiduo, ...)
Segmento (solteiros, ...)

Taxa de retorno mensal do mercado
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Analise de regressao:

« Andlise de Regresséao lida com a investigacao da relacéo entre duas ou mais
variaveis. E utilizada para:

1. Verificar se existe relacao (se as variaveis independentes explicam a variacao no
comportamento da variavel dependente);

2. Intensidade do relacionamento (quanto da variacao da variavel dependente pode
ser explicada pelas variaveis independentes);

3. Determinar a estrutura (ou a forma da relacao), ou seja, a equacao matematica
gue relaciona as variaveis independentes com a variavel dependente;

4. Fazer previsoes (aplicar a equacao matematica obtida para realizar anélises do
tipo se — entao);

5. Fazer prescricdes (propor acdes de controle das variaveis independentes
conforme um valor desejado para a variavel dependente)
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Analise de regressao:

* Regressao bidimensional: caso em que ha apenas 1 variavel independente

Etapas na conducéo da analise:

1. Analise do diagrama de dispersao

4

2. Definicao do modelo geral

=

3. Estimacéao dos parametros do modelo

=

4. Teste de significancia

=

5. Intensidade e significancia da associacao

=

6. Preciséo da previséo

1l

7. Analise dos residuos




» Etapas na conducao da analise:

Analise de regressao: caso bidimensional

1. Analise do diagrama de dispersao

! ]

2. Definicdo do modelo geral

4

3. Estimagao dos parametros do modelo

g

4. Teste de significancia

i

5. Intensidade e significancia da associagao

|

6. Precisdo da previsao

|

7. Analise dos residuos

1. Andlise do diagrama de dispersao:

Grafico dos valores das duas variaveis para
todas as observacdes (variavel dependente no
eixo horizontal, variavel independente no eixo
vertical)

Temperature vs Power Output
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» Etapas na conducao da analise:

1. Analise do diagrama de dispersao

Analise de regressao: caso bidimensional

! ]

2. Definicdo do modelo geral

4

3. Estimagao dos parametros do modelo

g

4. Teste de significancia

i

5. Intensidade e significancia da associagao

|

6. Precisdo da previsao

|

7. Analise dos residuos

2. Definicao do modelo geral:
Linear (reta): Y = Bo+ B;. X+ ¢

480 -

Power Output

420~

460 -

intercepto J > coeficiente angular

Temperature vs Power Output

10 20 30
Ambient Temperature
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» Etapas na conducao da analise:

Analise de regressao: caso bidimensional

1. Analise do diagrama de dispersao

! ]

2. Definicdo do modelo geral

4

3. Estimagao dos parametros do modelo

g

4. Teste de significancia

g

3. Estimacéao dos parametros do modelo:
MQO : Minimizar Z(Yi _\A(i)z

Para o caso linear (reta):
Bo = Y - BlY

> (X =X)NY; V)

. Covy v

TS koxP s

5. Intensidade e significancia da associagao

|

6. Precisdo da previsao

|

7. Analise dos residuos

4. Teste de significancia:

Ho: B; = 0 (n&o hé relagao linear)

H,: B; # 0 (ha relagao positiva ou negativa)
B, —0

O
B1

Estatistica do teste: t =

Valor critico: T, ;5 ,_»
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» Etapas na conducao da analise:

1. Analise do diagrama de dispersao

Analise de regressao: caso bidimensional

! ]

2. Definicdo do modelo geral

4

3. Estimagao dos parametros do modelo

g

4. Teste de significancia

g

5. Intensidade e significancia da associagao

|

6. Precisdo da previsao

|

7. Analise dos residuos

Intensidade e significancia da associacao:

Coeficiente de Determinacao (R?)

Z<Yi - Y)Z _ SQRegressdo _,  SQResiduos

R? =
SQTotal SQTotal

> (vi-YF

i
Em regresséo linear simples, R? = ry 2
Significancia:
Ho: R%,0, =0 (n&o ha associagao)
Ha: R%,0, > 0 (h& associagao significativa)

SQRegressao/l
SQResiduos/(n - 2)

« [Estatistica do teste: F =

* Valor critico: F, 1,5
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» Etapas na conducao da analise:

1. Analise do diagrama de dispersao

Analise de regressao: caso bidimensional

! ]

2. Definicdo do modelo geral

4

3. Estimagao dos parametros do modelo

g

4. Teste de significancia

g

5. Intensidade e significancia da associagao

|

6. Precisdo da previsao

|

7. Analise dos residuos

6. Precisao da previsao:
. SQResiduos -
G:\/ Q = /QOMResiduos
n—2
7. Andlise dos residuos:
(a) Padréao ideal
(b) Varidnciando o o=
€ constante
(c) Variancia nao X
€ constante
(d) Residuos néo

séo
independentes
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Analise de regressao: caso bidimensional

« Exemplo:

1
Training
Im

1. Analise do diagrama de dispersado \/
l i

2. Definigdo do modelo geral \/ .

'] — ]

3. Estimacdo dos parametros do modelo

[}

4. Teste de significancia

l 480

5. Intensidade e significAnciada associagdo | — call: 7
l Im(formula = .outcome ~ ., data = dat) w0

~ 480

- 460

- 440

Observed

6. Precisao da previsao

Residuals: 204 = ’ ] ] | L
l Min 1Q Median 3Q Max 420 440 - 460 480
= : -45,973 -32.648 a.118 3.668 19.901 Rredicted
7.Analise dos residuos
— Coefficients: 3 4

Estimate| Std. Error|t value Pr(>|t]|)
(Intercept) |497.042508 @.172319| 2884.4 <2e-16 ***
AT -2.169454 @.008193| -264.8 <2e-16 ***

Signif. codes: © ****’ p.eel1 **’ @.01 *’ @.05 .7 0.1 * 7 1

6 [Residual standard error: 5.359|on 7654 degrees of freedom
5[Multiple R-squared: ©.9816) Adjusted R-squared: ©.9016
F-statistic: 7.012e+04 on 1 and 7654 DF, p-value: < 2.2e-16
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Analise de regressao:

« Regressao multipla: caso em que ha mais de 1 variavel independente

Linear (reta): Y = Bo+ B1. X+ Bo. Xot+ Bg. Xgt+...+ B. X + €

1. Analise do diagrama de dispersao

3

2. Definicdo do modelo geral

3

3. Estimagao dos parametros do modelo

i

4. Teste de significancia

g

5. Intensidade e significancia da associagao

—

]

6. Precisdo da previsado

]

7. Analise dos residuos

2. Definicdo do modelo geral:

Selecao das variaveis do modelo: Backward elimination

5. Intensidade e significancia da associacao:

Coeficiente de Determinacéo Ajustado (R?y,stado)

R2 :RZM

ajustado n—k—1
Significancia: Hy: B; =B, =Bs=... B =0
H,: algum B,#0 (i =1,...,k)
SQReg/k  R?/k
SQRes 11_ R?2 )
(n-k-1) (h-k-1)

« Estatistica do teste: F=

* Valor critico:F , 4
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Power Output

Power Output

Métodos de Regressao:

« Andlise exploratéria dos dados:

Temperature vs Power Output

Exhaust Vacuum Speed vs Power Output

Atmospheric Pressure vs Power Output

Ambient Temperature

Exhaust Vacuum Speed

Power Output

Relative Humidity vs Power Output

Resative Humidty

0.8

0.6

RH 0.39

-1
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Regressao Linear Multipla:

Linear Regression

7656 samples
4 predictor

Mo pre-processing

Resampling: Cross-Validated (16 fold)

Summary of sample sizes: 6891, 6898, 6891, 6892, 6898, 6898,
Resampling results:

RMSE Rsquared  MAE
4.584955 ©.9306019 3.606429

Tuning parameter 'intercept’' was held constant at a value of TRUE

call:
Im(formula = .outcome ~ ., data = dat)
Residuals:

Min 1Q Median 30 Max
-43,101 -3.146 -0.132 3.173 17.735
Coefficients:

Estimate|std. Error | t value Pr(>|t])

(Intercept)| 453.607920| 10.778493 42,085 < 2e-1p **%
AT -1.984670 ©.016884 |-117.544 < 2e-16 ***
Vv -9.227863 @.008049 | -28.388 < 2e-16 ***
AP ©.0962865 9.018456 6.012 1.91e-p9 ***
RH -9.15730e8 0.004596 | -34.231 < 2e-16 ***

Signif. codes:

Residual standard error: 4.5684 on 7651 degrees of freedom

Multiple R-squared:

0.9305,

F-statistic: 2.561e+84 on 4 and 7651 DF,

Adjusted R-squared:
p-value: < 2.2e-16

@ “*** p.e@1 **’ @.e1 ¥’ @.85 .7 0.1

0.9365

Observed

480

460

440

420

I
Training

Im

- 480

- 460

- 440

- 420

420 440 460 480
Predicted

No conjunto de teste:

RMSE Rsquared MAE
4.769306 0.9214907 3.71388
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Regressao Linear Multipla:

Linear Regression

7656 samples
4 predictor

Mo pre-processing

Resampling: Cross-Validated (16 fold)

Summary of sample sizes: 6891, 6898, 6891, 6892, 6898, 6898,
Resampling results:

RMSE Rsquared  MAE
4.584955 ©.9306019 3.606429

Tuning parameter 'intercept’' was held constant at a value of TRUE

call:
Im(formula = .outcome ~ ., data = dat)
Residuals:

Min 1Q Median 30 Max
-43,101 -3.146 -0.132 3.173 17.735
Coefficients:

Estimate|std. Error | t value Pr(>|t])

(Intercept)| 453.607920| 10.778493 42,085 < 2e-1p **%
AT -1.984670 ©.016884 |-117.544 < 2e-16 ***
Vv -9.227863 @.008049 | -28.388 < 2e-16 ***
AP ©.0962865 9.018456 6.012 1.91e-p9 ***
RH -9.15730e8 0.004596 | -34.231 < 2e-16 ***

Signif. codes:

Residual standard error: 4.5684 on 7651 degrees of freedom

Multiple R-squared:

0.9305,

F-statistic: 2.561e+84 on 4 and 7651 DF,

Adjusted R-squared:
p-value: < 2.2e-16

@ “*** p.e@1 **’ @.e1 ¥’ @.85 .7 0.1

0.9365

Observed

480

460

440

420

I
Training

Im

- 480

- 460

- 440

- 420

420 440 460 480
Predicted

No conjunto de teste:

RMSE Rsquared MAE
4.769306 0.9214907 3.71388
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Regressao Nao Linear

» Para capturar relacdes nao lineares entre as variaveis independentes e a variavel
dependente, pode-se utilizar:

« Transformacéao dos dados (por exemplo, utilizando poténcia, logaritmo, raiz
guadrada, entre outros) nas variaveis independents e/ou na variavel
dependente;

* Modelos polinomiais: abordagem simples em que se emprega tranformacoes
polinomiais de segunda ou de terceira ordem nas variaveis independentes;

» Modelos Spline: ajuste de uma série de curvas suavizadas utilizando segmentos
polinomiais (de terceira ordem) delimitados por nos;

* Modelos aditivos generalizados (GAM): ajuste de modelos spline com nos
selecionados automaticamente.
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Transformacgoes:

« Atransformacéao das variaveis independentes (X), ou da variavel dependente (Y), ou

de ambas, normalmente, é suficiente para tornar um modelo apropriado (adequado).

» As transformacoes podem ser aplicadas para:

Ajustar para a linearizacao entre as variaveis independente e dependente

(variancia ja € aproximadamente constante)
Satisfazer algumas hipoteses tedricas

Melhorar o ajuste e a qualidade das previsGes geradas

Transformacoes Function Transformation Linear Form
o B F oo B o !
comumente Y =aX Yi=log¥ X"=log X Y =loga+ 8X
Y = aefX Y =InY Y'=lna+pX
e I o !
empregadas: Y —Q:BlogX X’ —liog_X; 1 Y’— CerﬁXr

Y=y Y =In¥ Y' =a+8X
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Transformacgoes:

Transformacao das variaveis independentes (X):

Prototype Nonlinear Regression Patterns with Constant Error
Variance and Simple Transformations of X.

Prototype Regression Pattern Transformations of X

X' =logy X X=X

ib) X=X X'=explX)

fc) X'=1/X X' =gxpl— X1

WHEN ERROR VARIANCE IS CONSTANT,
ONE NEEDS ONLY TRANSFORM X, NOT Y

Transformacao da variavel dependente (Y):

Prototype Regression Pattern

Transiormations on ¥

Y =¥
¥ =logy ¥
Y =1/

Mate: A simultaneous transformation on X may also be helpful or necessary.
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Transformacgoes:

» Transformacao das variaveis independentes:

 Ex 1. modelo.log <- Im(y ~ log(x), data=treino)

 Ex 2: modelo.raiz <- Im(y ~sqrt(x), data=treino)
* Modelos Polinomiais: no R ha 2 formas de criar modelos polinomiais

* Usando I(). Ex: modelo.p2 <- Im(y ~ x + 1(x*2), data=treino)

« Usado a funcéao poly. Ex: modelo.p3 <- Im(y ~ poly(x,3,raw=TRUE), data=treino)
« Utilizando os modelos:

« Gerar previsoes: previsao.nome <- modelo.nome %>% predict(teste)

« Desempenho: RMSE(previsao.nome, teste$y); R2(previsao.nome, teste$y)

OBS: raw = FALSE, poly() computes an orthogonal polynomial
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Regressao Nao Linear

* Regressao Spline: permite a interpolacao suave de polinomios (em geral de terceira
ordem) entre pontos fixos, chamados de nos. Assim, os splines sdo uma seérie de

segmentos de polinbmios unidos por nos.

6 polinbmios cubicos: Splines (5 noés):

5th percentile 25th percentile 50th percentile 75th percentile 95th percentile

5th percentile 25th percentile 50th percentile  75th percentile 95th percentile

300 500 700 300 500 700

 NOR:

« Ex 1: knots <- quantile(treino$x, p = ¢(0.05,0.25, 0.5, 0.75,0.95))
modelo <- Im(y ~ bs(x, knots = knots), data = treino)

« Ex 2: modelo <- Im(y ~ bs(x, df = 5), data = treino) # p = 20™,40t,60t, 80t
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Regressao Nao Linear

« Regressao GAM: técnica para criar, automaticamente, regressoes spline (ndo ha a
necessidade de indicar onde estao 0s nos e/ou quantos splines serao feitos).

 No R: modelo <- gam(y ~ s(x), data = treino)

ggplot(treino, aes(AT,PE) ) +
geom_point() +
stat_smooth(method = 'gam’,

formula =y ~ s(x))

430-

460~

PE

440-

420-
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Regressao Nao Linear

* Regressao GAM: Previsao de Producéao de Energia

. 1 | 1 |
Resultado: Training
Parametric coefficients: gam
Estimate std. Error t value Pr(>|t]|) .
(Intercept) 454.39135 0.04684 9781 <2e-16 *#*
--- - - 480
Signif. codes: @ %%’ @.@01 “**’ g.,01 “*’ @.85 .’ 8.1 T’ 1
Approximate significance of smooth terms: 7 - 460
edf Ref.df F p-value
s(v) 8.161 9 154.98 <2e-16 ¥*¥* ] L 410
s(AP) 7.662 9 33.82 <2e-16 ***
s(AT) 7.024 9 1504.73 <2e-16 ***
s(RH) 5.688 9  74.20 <2e-16 *** - 4 L 420
g .
- ) = Test
Signif. codes: @ ****’ p.e01 “**’ 8.01 *? 0.05 .7 0.1 1 2 gam
8 —
R-sg.(adj) = ©.942 Deviance explained = 94.3% '
GCV = 16.861 Scale est. = 16.796  n = 7656 480 L
460 -
440 -
: . RMSE Rsquared MAE P -
No conjunto de teste: 9 = : ; :
4.37934 0.9337901 3.351107 420 440 460 480

Predicted



Regressao KNN

K-ésimo vizinho mais proximo:
Para minimizar o erro de previsao de uma observacao, toma-se 0s k vizinhos mais proximos

(distancia Euclideana) e atribui-se a observacao a média dos valores da variavel

dependente (Y):

L I } I
Y ) - - l_ . ) )
120 Y - - J i ’
- - | J K=3
e S WP : : 5
Y=Y s oS s X
; B '!;'a"'/." B ..
;‘_v"-“.{,;_,-‘ ' . l - ¥ -
$ s o : J | o -
o "2% 4. i - - -
A ..oqu.-". - [ ‘ - -
B v - i | -
- ST L ke
i » -
( B 1 4 ( - ’ ‘ i -
o - . 10 is
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Regressao KNN

Exemplo: Previsao de Producéao de Energia

k-Nearest Neighbors

7656 samples
4 predictor

Pre-processing: centered (4), scaled (4)

1
Training

knn

- 480

- 460

- 440

Resampling: Cross-validated (10 fold)
summary of sample sizes: 6889, 6892, 6889, 6890, 6891, 6890,
Resampling results across tuning parameters:
k RMSE Rsquared  MAE b
1 4.38B2565 0.9355370 2.970644
2 4.027577 0.9446565 2.827607
3 3.897432 0.9478720 2.770849 7
4 3.860072 0.94B8077 2.768973
5 3.862431 0.94B6981 2.796808
6 3.B584B5 0.9487799 2.813904 7
7 3.883349 0.9481238 2.851669
B 3.894265 0.9478418 2.876094
9 3.905729 0.9475296 2.897263 H 1
10 3.915136 0.9472704 2.910032 g
11 3.931469 O0.9468486 2.932671 é
12 3.951573 0.9462983 2.955901
13 3.970147 0.9457832 2.973805
14 3.981042 0.9454B858 2.987337 480
15 3.990032 0.9452461 2.998126
16 4.002209 0.9449296 3.011055
7 4.013543 0.9446237 3.023955 460
18 4.023173 0.9443738 3.034552
19 4.037096 0.9439910 3.0477BE
20 4.050442 0.9436156 3.061391 440 4
21 4.064005 0.9432447 3.075035
22 4.075623 0.9429300 3.08B976
23 4.088646 0.9425720 3.101926 420 4
24 4.100154 0.9422447 3.113049
25 4.110943 0.9419541 3.123947
26 4.122921 0.9416206 3.132816
7 4.131056 0.94138B80 3.141813
28 4.138187 0.9411904 3.148159
29 4.145094 0.9409986 3.155950
30 4.149672 0.9408744 3.161866

RMSE was used to select the optimal model using the smallest value.
The final value used for the model was k = 6.

No conjunto de teste:

460 480
Predicted

RMSE Rsquared MAE
3.8226652 0.9501755 2.7917206
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Support Vector Regression

Funcdes de perda (comumente usadas):

« SE (erro quadratico): L(y,f(x))=(y—f(x))’

* AE (erro absoluto): L(y,f(x))=|y—f(X)|

* Huber: L(y,f(x)) =1
SVR:
YA
.
. w'X
e o
o j . .
: ‘e .
o] - Tx

-

1
2

high

(y-f(x)),

u\y—f(x»—“?

2

€-insensitive Loss Function

sely—f(x)|<p

caso contrario

L. (y,f(X)) ={

ly=f(x)| =,

sely—f(xX)|<¢
caso contrario
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Support Vector Regression

A
I
Lot T
o w'x
¢ °
™ ® o
- . d,.-"r
£ o
."'F. ,._
X
¥
! ve
--""-"' |1|r|-§|| T
. o | w'X
bt S e
o ¢ o«
- ® d,-"r
o
£ . ® _
.-"'-"F X
[ ]

high e-insensitive Loss Function

| 5
min — || w ||
] 2
st.y.—W,'X.—b<g¢
W, X +tb—y <¢
0
: l"{es{?duzﬂ-*—6 ’
(€)

) 1 = s
Min. —llwil> + C > (&5 +&)  emque
2 i=1 .
C é uma constante
L x\V=p< :
yi—(W-X;)=b<e+g de penalizagdo

(W'Xi)+b_yigg+§i* (C>0)

ELE 20,i=1,...,m
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Support Vector Regression

« Exemplo: Previséo de Producao de Energia (Caso Polinomial)

Support vector Machines with Polynomial Kernel

7656 samples ! L

1
Training

4 predictor SvmPoly :
Mo pre-processing
Resampling: Cross-Validated (10 fold) . - 480
summary of sample sizes: 6899, 6890, 6891, 6890, 6891, 6889,
Resampling results across tuning parameters: i | 260
degree scale C RMSE Rsquared  MAE
1 B.801 ©.25 5.414354 0.9164752 4.327534 ] 440
1 0,001 ©.50 4.91%687 0.9199796 3.943724
1 9.801 1.8 4.657685 0.9263476 3.735225 2 - .- - 420
1 B.e01 2.00 4.554549 0.9291527 3.645879 E Test
1 0.010 ©0.25 4.539153 ©.9296200 3.630480 £ svmPoly -
3 9.108 0.50 4.,129280 0.9418801 3.203991 480 B
E} 8.106 1.60 4.126427 0.9419683 3.200136
E} 8.160 2.00 4.125018 0.9420187 3.197748 460 -
3 1.000 .25 4.127e47 0.9419369 3.195986
E} 1.8680 ©.50 4.127114 0.9419366 3.196076 40 4 |
3 1.800 1.00 4.127883 0.9419375 3.196099
3 1.e60 2.80 4.128687 ©.9419257 3.198146
420 .- -
T T T T
RMSE was used to select the optimal model using the smallest value. 420 440 460 480
The final values used for the model were degree = 3, scale = 9.1 and C = 2. Predicted

RMSE Rsquared MAE

No conjunto de teste:
4.395156 0.9334925 3.332211



100 150 200 250 300

50

Regressao CART / AID

Sistema de regressao que particiona o espaco de atributos de forma a criar regras

para definir as previsoes

Resultado: um conjunto de regras e uma arvore (diagrama)

<505 =505
<775 =775
16 ] 9]
T T T
0 20 40 60 80 100
<645 =645 <905 =905
/ N /
MNode 3 (n=27) MNode 4 (n=23) MNode 7 (n=14) MNode 8 (n=13) MNode 10 (n=13) MNode 11 (n=10)
300 300 | 300 300 300 300 | ==
250 250 250 250 4 250 | =3 250
200 200 200 — — 200 | == 200 200 —
150 150 — ; 150 150 150 150
100 4 __ 100 4 100 100 100 100
50 1 =4 50 50 50 50 50 |
01— 0 0 0 0 0
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Nodl
500

480
460

420

Regressao CART [ AID

. A ~ .
 Exemplo: P de Prod de E
Xemplo: Frevisao de Froaucao de =nergia
(1] I 1 I
Training
rpart
>18.555 <18.555 T
.
° e | I 480
>66.21 <66.21 >11.695 <11.695 i o - 460
(6]
e e ° ° . ) :
o
o
- ~ 440
o
=22.09 <22.09 -
= - . 420
22532 <2532 215.545 <15.545 >28.895 <8.895 7}
2 Test
2 rpart
226.385 < 26.385 I}
e 4 (n =147 Node 5 (n = 533 Node 8 (n =415 Node 9 (n =102 Node 10 (n=87! Node 13 (n=71 Node 14 (n =123 Node 16 (n =71t Node 17 (n = 675) e
500 500 500 500 500 500 500 500 { _—
Tl - 480 — L
480 480 | 480 | 480 | 480 480 | % 480 - == 480 4 &
o T = . v
460 - g 460 —| 460 -| j_ 460 - | 460 -| =5 460 -{ 460 4 F 460 -|  ©
. ; s =] T v ° g 460 — -
410 4 =3 440 - == 440—$_‘_ 440 - = 440 | 440 | 440 440 4 9
= 4 h 3 o o
420 420 — 420 e 420 420 — 420 420 420 —
440 -
CART
7656 samples 420+ - -

4 predictor

No pre-processing
Resampling: Cross-validated (10 fold)
Summary of sample sizes: 6890, 6891, 6891, 6889, 6892, 6889, ...

Resampling results across

tuning parameters:

cp RMSE Rsquared  MAE

0.003222235 5.046109 0.9127141 3.950501
©.003297068 5.078537 0.9118699 3.973783
©.807977615 5.317218 ©.9030559 4.156606
©.008743808 5.493585 ©.8965519 4.293378
©.013277272 5.948714 ©0.8787278 4.653023
©.0918153682 6.137882 ©.8708569 4.814833
©.957575763 6.915921 ©.8351614 5.501356
©.080338750 8.647896 0.7427616 7.016755
0.724611179 13.122185 0.7111319 11.164822

No conjunto de teste:

RMSE was used to select the optimal model using the smallest value.
The final value used for the model was cp = ©.083222235.

T T
460 480

Predicted

RMSE Rsquared MAE
5257559 0.9046005 4.01715
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Métodos de Ensemble

« Bagging (Bootstrapp AGGregatING):

No estagio 1, cria-se amostras aleatorias de conjuntos de treinamento (com
reposicaon), no estagio 2 cria-se um classificador (CART) para cada conjunto de

treinamento e nos estagios 3 e 4 combina-se a previsdo dos modelos obtidos

(utilizando a média dos resultados).

Stage |: :
Bootstrap sampling [Observat|0n51
I
il B
Training subset | Training subset2 |  ssssss Training subset M

Stage 2:
Model training v M M c.;"
l J’ 1 & Pi
Tree t=1 Tree t=2 sssses  Tree =M E__[
e Fy

V. covariates

plFalv)
by

® Split nodes
@ Leaf nodes
Stage 3: 1 l 1
Model forecasting
Forecast | Forecast 2 Forecast M
Stage 4: - J

Result aggregating
orecast
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Regressao com Bagging

« Exemplo: Previsdo de Producao de Energia

Numero ideal de arvores: Importancia relativa das variaveis:
1 2 3 4 5
| | | | | | | | | | 1 1 1
MAE RMSE Training
treebag
AT
a0 w L]
- I 480
300 o . v
- I 460
250 o = . - 440
AP —
4. - - 420
200 o 9‘ Test
RH treebag
150 o g
T T T T T 80 B
0 20 40 60 80 100
100 & = Importance 50 L
T T T T T T T T T T i L
1 2 3 4 5 440
MAE RMSE w0 4 . L
. T T T T
Confidence Level: 0.95 120 440 160 480

Predicted

Resultado com 100 arvores:

d .
Pegged CART No conjunto de teste:
7656 samples

4 predictor RMSE Rsquared MAE
No pre-processing 5.24988 0.905395 4.012066

Resampling: Cross-Validated (1@ fold)
Summary of sample sizes: 6890, 6890, 63889, 6889, 6892, 6891, ...
Resampling results:

RMSE Rsquared  MAE
5.19298 ©.9679767 4.853482 100




Métodos de Ensemble

« Random Forest:

Random Forests

A Random Forest faz uso do mesmo método do
Bagging, ou seja, no estagio 1 cria-se amostras

aleatorias de conjuntos de treinamento (com

reposicéo), no estagio 2 cria-se uma regressao

Tree 1 Tree !
(CART) para cada conjunto de treinamento e nos D D
estagios 3 e 4 combina-se a previsao dos :]\ ] - [j D
: . . L e
modelos obtidos (utilizando a média dos L / N\
13

resultados).

A diferenca € que em cada classificador (CART) um subconjunto das variaveis
iIndependentes candidatas para compor a regressao sao aleatoriamente

escolhidas (hd um niumero maximo de variaveis default).
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Regressao com Random Forest

Exemplo: Previsao de Producéao de Energia

Numero ideal variaveis por Importancia relativa das
arvore: variaveis:
RH

E‘ 3.30 AT
% AP |

3.24 v

10 1s 20 25 30 35 40 0 zlu 4‘0 slu alu 1[;0
#Randomly Selected Predictors \mportaﬂce

Resultado com 300 arvores (2 variaveis por arvore):

Random Forest

7656 samples
4 predictor

No pre-processing

Resampling: Cross-validated (1@ fold)

Summary of sample sizes: 6890, 6890, 6889, 6889, 6892, 6891, ...
Resampling results:

RMSE Rsquared  MAE
3.22829 0.9641018 2.324253

Tuning parameter ‘mtry' was held constant at a value of 2

Training

. - 480
. - 460
. - 440
° .- - 420
&
ik}
w
]
O
480 -
460 =
440 =
420 =

No conjunto de teste:

460 480
Predicted

RMSE Rsquared MAE
3.385121 0.9605958 2.350088
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Métodos de Ensemble

« Gradiente Boosting (GB):
O GB é uma técnica de treinamento sequencial em que o primeiro modelo é
criado para prever a variavel resposta e os modelos subsequentes séao

criados visando prever 0s erros de previsao.

DATASET ERRORS ERRORS
® ) MODEL o MODEL MODEL
® o ] ’ o
() @, ... TRAIN TEST o o PY TRAIN TEST ® TRAIN
® ® ® — > o ® ) SS — eo e
®o_o0o 0 ®o_o0 0O [ Do 3 J
O o©O ® o©O ® oO

\ \ .
=l

PREDICTION

OBS: O GB auxilianareducao do erro de previsao (mas tende a gerar overfitting). 103



Métodos de Ensemble

« Gradiente Boosting (GB):

Treinamento sequencial de acordo com os erros — algoritmo basico:

1. Ajuste um CART aos dados: F,(X) =,

2. Depois ajuste o proximo CART aos residuos do CART anterior: hy(x) =y — F(x),
3. Adicione o0 novo CART ao algoritmo: F,(x) = F;(x) + hy(x),

4. Ajuste o proximo CART aos residuos de F2: h,(x) =y - F,(X),

5. Adicione o0 novo CART ao algoritmo: F5(x) = F,(X) + h,(x),

6. Continue o procedimento até algum mecanismo (ex. validacéo cruzada) indicar para parar.

Iter: 0 Iter: 5 Iter: 10 Iter: 25 Iter: 100
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RMSE (Cross-Validation)

Regressao com Gradiente Boosting

Exemplo: Previsao de Producéao de Energia

Valor ideal para os parametros:

Max Tree Depth
2 o

60 80 100

w

1 o

[}
120 140

| 1 1 1 1 1 1 1 1 | 1 1
colsample_bytree: 0.6 | colsample_bytree: 0.6 | colsample_bytree: 0.6

eta: 0.4 eta: 0.4 eta: 0.4

subsample: 0.50 subsample: 0.75 subsample: 1.00

/

|
f
/
/
/f
/
¢
[
/
|
/ /
é

45

4.0

colsample_bytree: 0.6 | colsample_bytree: 0.6 | colsample_bytree: 0.6

eta: 0.3 eta: 0.3 eta: 0.3

subsample: 1.00

subsample: 0.50

subsample: 0.75

T T T

T T T T T T T T T T T
60 80 100 120 140

T
60 80 100 120 140
# Boosting Iterations

Acuracia na validacao cruzada:
RMSE: 3.42

RSquared: ©.9598

RMSE (Cross-Validation)

1 o

Max Tree Depth
2 o

60 80 100 120

140

3 o

| 1 1 1 1
colsample_bytree: 0.8

1 1 1 1 1
colsample_bytree: 0.8

1 1 | 1 1
colsample_bytree: 0.8

eta: 0.4

eta: 0.4

eta: 0.4

subsample: 0.50

subsample: 0.75

subsample: 1.00

4 o L
G\\\ ~__ @\_\ 45
~e___ ~—_ T~
——0 —0 —0
4 S S o - 4.0
- g X
Te— ~~—
— —_ \\@\‘\
© T
— I35
colsample_bytree: 0.8 | colsample_bytree: 0.8 | colsample_bytree: 0.8
eta: 0.3 eta: 0.3 eta: 0.3
subsample: 0.50 subsample: 0.75 subsample: 1.00
45 o o~ -
- — —
T— — —e -e”'**fw_,,e
—o —o
G— G
404 T— — S| o
< - —
— -~ ~—__
—o e
35 o -
T T T T T T T T T T T T T T T
60 80 100 120 140 60 80 100 120 140

# Boosting Iterations

Importancia das variaveis:

XgbTree variable importance

Overall
V  186.860
AT 96.384

AP
RH

1.693
0.000

Observed

480

460

440

420

1
Training

xgbTree

- 480

~ 460

- 440

- 420

Test

xgbTree

460
Predicted

No conjunto de teste:

RMSE Rsquared MAE
3.593413 0.9554286 2.518827
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Métodos Prescritivos (Prescriptive Analytics)

Rodrigo A. Scarpel
rodrigo@ita.br

DADOS

INFORMAGAO www.ief.ita.br/~rodrigo

CONHECIMENTO

INTELIGENCIA




Introducao:

Prescriptive Analytics: the "final frontier of analytic capabilities. It entails the application
of mathematical and computational sciences and suggests decision options to take

advantage of the results of descriptive and predictive analytics.

EDA

Descriptive Analytics }[ Data visualization

Clustering

‘ DISCGVEW Analytlcs J-[ Dimension Reduction

Classification

Business Analytics

Predictive Analytics Cross section analysis
Regression f

Time series analysis

|

Prescriptive Analytics
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Modelagem e simulac¢ao:

Conceptualization: decisions about the

variables that need to be included in the
model, and the scope of the problem

and model to be addresses.

Scientific

Problem
Situation

Mundo real

Research model by
Mitroff ef al. (1974)
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Modelagem e simulac¢ao:

Modeling: build the quantitative model by defining causal

relationships between the variables

Reality,
Problem
Situation

Scientific
Model

o  Modelo

Optimization models

Not exclusive partitioning

Mathematical programming Combinatorial ~ Constraint satisfaction  Neonanalytic
models optimization models models
Research model by
Mitroff et al. (1974)
‘ Continuous Integer Mixed |
Linear Nonlinear

Linear programming L Monlinear continuous
(LP) (NLP}

Linear integer Convex quadratic

> programming (IP or ILP)
MNonlinear convex

109

Fonte: TALBI, EL-GHAZALI. Metaheuristics: from design to
implementation. John Wiley & Sons, 2009.




Modelagem e simulac¢ao:

Scientific

Problem
Situation

Research model by Exact methods

Mitroff ef al. (1974)

Branch and X Constraint Dynamic
programming pProgramming

Branch and Branch and Branch and

bound cut price

Single-solution based
metaheuristics

Fonte: TALBI, EL-GHAZALI. Metaheuristics: from design to

I

Optimization methods

Approximate methods

Approximation

A 1DAS Heuristic algorithms ;
algorithms

Metaheuristics Problem-specific
heuristics

Population-based
metaheuristics

implementation. John Wiley & Sons, 2009.
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objective values f(x)

Algumas situacoes comuns:

Best Case

>

objective values f(x)

no useful gradient information
>

i

objective values {(x)

>

objective values f(x)

needle
(isolated
optimum)

neutral area
area without much
information

or

x

>

objective values f(x)

objective values f(x)

multiple (local) optima

X

=

>

e

Nightmare
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Metaheuristicas:

Métodos capazes de sair de 6timos locais permitindo a busca em
regiées mais promissoras com um custo computacional razoavel.

Tipos de metaheuristica:

- Baseadas em um unico individuo: [« e bt
i :\ Ex: Busca Tabu, Path-

relinking, Simulated

Annealing

« Baseadas em uma populacédo de individuos:

Initial Population Evaluation Fitness Assignment
create an initial compute the objective use the objective values
population of random values of the solution to determine fitness

individuals candidates values
Reproduction Selection

create new individuals select the fittest indi-
from the mating pool by viduals for reproduction
crossover and mutation
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Algoritmo genetico:

- E uma metaheuristica que se baseia nos principios da selecdo natural:

N
Uzﬂ phenotype x PE|{}hju{:tiV{‘, funetion f,uJ

E genotype g

I Population l

Initial Population Evaluation Fitness Assignment

create an initial
population of random

compute the objective
values of the solution

use the objective values
to determine fitness

individuals candidates values

Reproduction Selection
create new individuals select the fittest indi-
from the mating pool by viduals for reproduction
crossover and mutation

[ Population Pop ]

!
(g{zu{}t}'pc g mutation | ﬁ-:;-i
Il
L "y

Create initial (random)
population

Does the
solution
’ satisfy the .
... exit criteria? .-

Report
best
solution
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Algoritmo genetico:

 Formas de representacao das solucoes (uso de cromossomos):

Objeto 1 2 3 4 5 6 7 8 9 10
 Binaria: (Ex: Problema da mochila binario— [o {10 |11 ]0]0|1]0]o0

« Permutacdo: (Ex: TSP — Cidades| 1 | 6 | 3 |5 |9 |7 | 2 |10| 8 | 4 | )

blﬂ

lj

* NUmero continuo [min,max]:\n tlol1]1]loflo]1]0] x=mn+(max—min)

* Vizinhanca: um vizinho s’ de uma solugcao s € uma solugao na qual foi
aplicado um movimento (definido a priori) modificando a solucao corrente.
Exemplo:

Cidades| 1 | 6 | 3 |5 | 9|7 |2 |10| 8 | 4

(S)

. ¥
Cidades| 1 | 6 | 3| 2| 9|7 |5 10| 8|4

(s)




Algoritmo genetico:

« Operadores: crossover e mutacao

* (Crossover:
pai 1@1%010010?m10§m§t101

pai,  (0010101011(100000111111) pai 010,01100(101011 . 00110
pab (0011111010010010101100) pai 5001110

| . - 100
: : : 11

filho,  (0010101011{010010101100)
filhos  (001111101100000111111) filho; 010001110101011 filho; 10£001110010101 1001

fitho 0012{)“000?0“01 fillho, 001%01001@00110@1%100

Crossover | |
Crossover de 2 pontos Crossover de 4 pontos

« Mutacao:

Antes filhoy (0010101010010010101100)
filho, (0011111011100000111111)

Depois  filhoi (0010001010010010111100)
filho, (0011111011000000111111)



Otimizacao (Prescriptive Analytics):

 Producéo da energia gerada (PE):

e | Parametros:

HP steam |

AT : Ambient Temperature

V: Exhaust Vacuum Speed

AP: Atmosferic Pressure

RH: Relative Humidity

Funcao a ser otimizada:

Modelo de regressao (previsao

de PE) — opcao selecionada:

Random Forest (maior R? e
menor RMSE)
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Otimizacao (Prescriptive Analytics):

» Previsao de Producao de Energia — Otimizacao

— Genetic Algorithm
GA settings: ~ . \
K r—— Type = real-valued Solucao obtida:
g Population size = 5@
Number of generations = 1@e _
o What's the best that can happen? Elitism = 2 FO=494.42
§ Crossover probability = 0.8
Mutation probability = e.1 AT=5.11
g What will happen next? Search domain =
= x1 x2 X3 x4 -
2 lower 1.81 25.36 992.9 25.56 V=40 ,08
£ upper 37.11 81.56 1633.3 100.16
O
© GA results: AP=1012.26
Iterations = 1ee
Fitness function value = 494.4157
Ssolution = RH=62.99
X1 X2 X3 X4
[1_,] 5.19924 408.07584 1012.263 62.99484
N " "—_‘“'"’:: oo e o 8 LR AR Ty
N =3 “,;W“.,,Dé;m? :"w b y \Qh f’“ "y ¥ i
. v N Fe co
Degree of Intelligence s |
g
§ n - Best
Mean
Median
§ B T T T T T
o 20 40 60 80 100

Generation 1 1 7



—> DADOS

INFORMACAO

CONHECIMENTO

INTELIGENCIA

Rodrigo A. Scarpel
rodrigo@ita.br

http: www.ief.ita.br/~rodrigo



